The expected appearance of a human face depends strongly on age, ethnicity and gender. While these relationships are well-studied, our work explores the little-studied dependence of facial appearance on geographic location. To support this effort, we constructed GeoFaces, a large dataset of geotagged face images. We examine the geodependence of Eigenfaces and use two supervised methods for extracting geo-informative features. The first, canonical correlation analysis, is used to find location-dependent component images as well as the spatial direction of most significant face appearance change. The second, linear discriminant analysis, is used to find countries with relatively homogeneous, yet distinctive, facial appearance.
Introduction
What does the average person from Beijing look like and how do they differ from people in Mumbai or New York City? A computational model of such variations could be used in a range of applications, such as creating realistic content for games and animated movies, or studying patterns of human migration and travel. Our goal in this work is to explore and analyze the geo-spatial structure in publicly-available imagery. To support this effort, we construct a database of geotagged frontal face patches by gathering images and extracting aligned frontal face patches. This results in a dataset of approximately 248 000 geotagged faces, which, to our knowledge, is the largest publicly-available dataset of geotagged face images.
We use this dataset to explore the location-dependence of human face appearance using a variety of statistical models. We show, as one would expect, that locally weighted average images are highly dependent on geographic location. We further show that some of the coefficients of a principal component (PCA) decomposition of the dataset are location dependent, but some are not. We combine these coefficients in several ways to find the face image projections that are most related to location, using both canonical correlation Figure 1 : We construct a large database of geolocated face patches. The map depicts the geolocation of raw patches (red) and a filtered set of frontal face patches (green). These images serve as a foundation for our analysis of the geodependence of human face appearance.
analysis (CCA) and linear discriminant analysis (LDA).
Related Work
Despite limited research on the geo-dependence of face appearance, there is a significant amount of research in a number of related problems.
Large-Scale Image Datasets Many large-scale image datasets have been introduced recently to advance research in vision-related areas such as object detection [4, 19, 24] , classification [8, 10] , and outdoor scene analysis [13, 16] . Similarly, for the task of image geolocalization, datasets such as [1, 23, 26, 11] contain millions of geotagged images collected from the public domain. Most existing face image datasets are targeted at facial recognition and have size on the order of several thousands [17, 12, 14] . To our knowledge, the large scale geotagged face image dataset we have constructed is the first of its kind. Face Image Analysis The human face is one of the most intensely studied objects, with active research on a variety of subproblems, including: detection [22, 20] , recognition and verification [28, 2] and pose normalization [18, 27, 22] . Our focus is on the higher-level question, "How does expected face appearance depend on location?" To our knowledge, this is the first work that addresses this question.
Geo-Dependence of Scene Appearance
The relationship between scene appearance and location has been explored in great detail [11, 5, 3, 21, 9, 6, 15] . These methods attempt to automatically discover and interpret geo-informative features from geotagged imagery. We extend this line of research and examine the geo-dependence of facial appearance.
GeoFaces: A Dataset of Geolocated Faces
We use publicly available images to construct a large dataset of geolocated face patches. Starting with geotagged images labeled with face-related strings, the data is processed to obtain a large set of frontal face image patches. This section describes, in detail, the dataset collection and construction process.
Collecting and Aligning Face Patches We downloaded geotagged imagery from Flickr 1 with face-related tags (e.g., face, portrait, men, family, friends). For each image, a commercial face detector 2 is used to identify faces and fiducial points. The detector is tuned to find frontal (or nearly frontal) faces. This resulted in a set of 2.65 million geolocated face patches. Each face patch is automatically aligned to a common reference frame using a similarity transform, with eye centers as control points.
Dataset Validation and Cleanup
To eliminate false positives and non-frontal faces, we apply a filtering approach that follows the method of [7] where the similarity score of a point is the sum of similarities to neighboring points in feature space. Unlike [7] , where the feature representation is used both to define the neighborhood and measure similarity, we manually define the neighborhood. The frontalness score, s i , of a putative face patch, {f i } represents the similarity of {f i } to a set of representative frontal face patches, {F j }, manually selected from the database. The score, s i , is defined as follows:
where κ is a similarity measure between image patches.
To reduce the effects of image illumination and contrast change, each image patch is represented by its gradient image, and κ is the linear correlation between the gradient images. The frontalness score for each image is used to filter out non-frontal faces by keeping only the top 10% of face patches. Figure 2 demonstrates the effect of image processing, showing representative patches in the dataset after alignment and filtering. The resulting dataset, called GeoFaces, contains approximately 248 000 geolocated face patches from around the world. This dataset will evolve as we collect more images and improve the methods for detecting, aligning and filtering. The full dataset, including detected, aligned and filtered face patches, is freely available online 3 .
GeoFaces Summary

Geo-Dependence of Eigenfaces
Eigenfaces [25] are a frequently used statistical model in facial image analysis. We explore the relationship between the output Eigenface coefficients and geographic location using the GeoFaces dataset.
For computational efficiency and to remove background clutter, each face patch is resized to 200 × 200 and pixels outside of a manually specified elliptical region are ig- nored. The shape of this region can be seen from the faces in Figure 3 . Using PCA, we obtain the top Eigenfaces for the database. Figure 3 (a-c) show the top three Eigenfaces and corresponding distribution of PCA coefficients mapped by image location. Based on observing multiple regions of smoothly-varying coefficients, the first and third Eigenfaces appear to be related to geographic location. The effect is less visible with the second Eigenface; it appears to encode the direction of lighting on the face.
We estimate average faces for different parts of the world and observe, perhaps unsurprisingly, that the expected appearance of a face depends on geographic location. For a given location, l, we compute a location-dependent average face,f l = E[f |l], by estimating the weighted average of nearby Eigenface coefficients (with a Gaussian weight function centered at l with σ = 5
• ) and reconstructing the corresponding image. The average images for a set of locations around the globe are shown in Figure 4 . Locations with a low number of images are omitted. From these images, the location-dependence of face appearance can be seen. To further demonstrate the utility of image pre-processing, Figure 5 shows a set of locally-weighted average images before and after our alignment and filtering steps.
Supervised Feature Analysis
In contrast to the unsupervised exploration with Eigenfaces, in this section, we use two supervised learning methods, canonical correlation analysis (CCA) and linear discriminant analysis (LDA), to extract location dependent features and support observations about facial appearance in various world regions.
Location-Dependent Component Images
Let A be our set of Eigenface coefficients, one for each image. Let B be an indicator variable encoding image location. The non-zero entry corresponds to the latitude/longitude bin where the image was captured (we use 6
• square spatial bins). Performing CCA on this paired data results in a projection of our PCA basis and a projection of our locations, as represented by our bin structure. The results of this method applied to our full dataset are shown in Figure 3(d-f) . The top three components, and their corresponding geographic distribution show a strong location dependence. Based on the distribution maps, it appears that the first three components correspond to the extent to which the face is East Asian, African or Indian.
Directions of Facial Appearance Variation
In the previous section, CCA was used to convert weakly location-dependent Eigenfaces into strongly location-dependent components. This analysis was dominated by global population patterns and obscured some of the local structure in facial appearance variation. Here we focus our analysis on local facial appearance variations. Instead of using a global indicator variable to represent geolocation, we perform CCA on the images from small spatial areas and use a linear model for geolocation.
For a given location, l, we create a filtered dataset, A l , of all faces within 10
• . We use the latitude and longitude of these faces as the paired dataset, B l . From CCA, the element of the first canonical pair that corresponds to B l is a vector, v l , which represents the direction with the most significant face appearance change. Figure 6 shows the resulting direction field for this analysis over multiple locations overlaid on a world map. Visually, the computed gradients 
Location-Dependent Face Classification
We use linear discriminant analysis (LDA) to classify face patches into geospatial regions and use the performance of the resulting models to better understand facial appearance variation. We perform our analysis with partitions at the level of continents, sub-continents and countries.
We train a one-vs-all (OVA) classifier for each continent with the top 50 PCA coefficients as features. For each class, the training set for each consists of 500 positive examples and 500 negative examples sampled from the rest of the world. The remainder of the dataset is used for testing. Table 1 : Accuracy of continental LDA classifiers. The respective classifiers for Africa and Asia are significantly better at predicting the location of a face image. Table 1 shows the overall accuracy of the classifiers. The respective classifiers for Africa and Asia are significantly more accurate at predicting the geotag of a face image. Figure 7 shows the conditional accuracies of these classifiers. While there are many sources of error, we speculate that one significant source is the large spatial area and diversity of a continent. We trained classifiers on 23 sub-continental regions 4 . As with the continent level classifiers, there is a wide spread in the classification accuracy across the regions. Table 2 lists the sub-continent regions and classification accuracies of the classifiers with the best performance. In Figure 8 we show the conditional accuracies of the sub-continental regions. The block diagonal structure of the matrix shows four distinct clusters corresponding to the most dominant ethnic groups in the world. For example, Australia, New Zealand, South Africa, Europe, North America and West Asia form a cluster indicating that faces from these regions look similar. Finally, we designed OVA classifiers at the country-level, mainly a political, rather than geographic, partition. Table 3 shows the ten countries with the highest classifier accuracy. The top 30 classifiers in terms of classification accuracy represent countries from Africa or Asia. Figure 9 shows maps for eight target countries color-coded based on the percentage of faces detected by the countryspecific classifier.
Conclusion
We constructed the largest publicly available dataset of geotagged face patches, which we hope will spur further research into understanding how human facial appearance depends on geographic location. In this initial investigation, we applied statistical techniques to explore this geodependence and found that there is rich structure in this relationship that is not fully explained by differences in the distribution of ethnic or racial groups. In the future, we plan to improve the facial feature extraction process to grow the dataset and also apply our model to inference problems, such as geo-locating untagged images containing faces. The maps depict the country-level affinity of facial appearance for selected target countries.
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